In this paper, the volatility of the return generating process of the market portfolio and the slope coefficient of the market model is assumed to follow a Markov switching process of order one. The results indicate very strong evidence of volatility switching behaviour in a sample of returns in the S&P500 index. In three of the thirty securities in the Dow Jones index, the estimated slope in the market model show strong switching behaviour. In these three securities the low risk state is more persistent than the high-risk state. For each security we estimate the conditional probabilities that the security is in the high (low) risk state given the market is in the high (low) volatility regime and show that this information can be used to classify securities into three distinct groups. There is no association between these groups and the securities' constant beta estimated in the market model and the Sharpe index. Some directions for further research are discussed.
Introduction
The beta -the percentage change in a security price relative to percentage change of a relevant market index -is one of the most commonly used measures of security price * Correspondence to: Department of Econometrics and Business Statistics, Monash University, PO Box 197, Caulfield East, Victoria 3145, Australia; e-mail: Tissa.Galagedera@buseco.monash.edu.au
The authors would like to thank Heather Anderson for helpful comments. The usual disclaimer applies. movement. In empirical studies, the beta value is obtained by estimating a linear relationship between excess return on the security and excess return on a market portfolio, where excess return is the return in excess of the return on a risk-free asset. Many studies have reported that beta is unstable and the instability is evident in many different markets. See for example, Fabozzi and Francis (1977) , Chen (1982) , Bos and Newbold (1984) , French, Schwert and Stambaugh (1984) for evidence in the US stock market, Faff, Lee and Fry (1992) , Brooks, Faff and Lee (1994) and Faff and Brooks (1998) for evidence in the Australian stock market.
Further, it is well documented that the variance of the market portfolio returns distribution is time varying. See for example, Bollerslev, Engle and Nelson (1994) , Campbell, Lo and MacKinlay (1997) and the references therein. Two popular methods suggested in the literature to model variation in market volatility is the ARCH and GARCH processes due to Engle (1982) and Bollerslev (1986) respectively. Another approach to model financial time series is the Markov switching technique proposed by Hamilton (1989) where the parameters are viewed as the outcome of a discrete-state Markov process. Such models are known to accurately capture typical stock market patterns such as jumps and crashes. Hamilton and Susmel (1994) modelled changes in market volatility as a Markov-switching model and as ARCH models without switching and reported evidence in favour of the former.
Recently, Huang (2000) modelled beta as a first-order Markov chain where it is assumed that beta switches back and forth from one state to another. In particular, Huang (2000) , using Microsoft Corporation monthly stock returns, tested whether the capital asset pricing model (CAPM 1 ) is consistent with data drawn from two different regimes: a high-risk state and a low-risk state. Huang (2000) showed that the data from the low-risk state is consistent with the CAPM whereas the data from the high-risk state is not. Hess (2003) 
compared competing
Markov regime-switching model specifications and reported that for the Swiss security market index monthly returns, the market movement is optimally tracked by time-varying first and second moments, including a memory effect. Assoe (1998) , in an analysis of nine emerging market return series, shows very strong evidence of regime switching behaviour. Assoe (1998) observed that the emerging markets evolve through two regimes and concluded that the switching models, where the regimes differ only in terms of market volatility, describe the return generating process better when returns are expressed in US dollars than when expressed in local currency. Further applications of the Markov switching technique to model market returns is available in Schwert (1989) where two states of the variance is modelled, Turner, Startz and Nelson (1989) where the mean and variance separately and together are considered to differ between two regimes, and Hamilton and Susmel (1993) where regime shifts in the volatility is modelled.
A number of studies have examined the association between general changes in the market conditions and beta instability. This is usually done by classifying the market conditions into different phases based on some arbitrarily chosen threshold values of market portfolio return.
The common approach is to classify the market movements as bull and bear and capture the differential effects of these two phases on the beta. A few studies considered several market phases including two bull and two bear (Gooding and O'Malley, 1977) , and nine phases in terms of three levels of both the mean and standard deviation of market returns (Faff and Brooks, 1998) . In general, there appears to be some evidence of differential beta risk in bull and bear markets.
The studies that considered Markov switching phenomenon to capture parameter instability in the security and market portfolio return generating processes examined the variation in the beta risk and the variation in the market volatility. However, they did not examine the association between the beta risk states and the market volatility regimes 2 . In this paper we model the market and security return generating processes as Markov switching 2 Chu, Santoni and Liu (1996) examined the association between the variation in the market volatility and the regime shifts in the market returns. Firstly they applied switching models to the returns.
Thereafter, they estimated a volatility equation given the different regimes observed in the first stage and concluded that the returns and volatility are related nonlinearly and that the relationship is asymmetric.
processes and investigate the association between the market volatility regimes and the states associated with the beta risk 3 . The aim here is to classify securities according to the likelihood of a security being in a particular state of risk, given the market is in a particular volatility regime. We believe that such information can be used as a diagnostic tool and incorporated in portfolio construction and asset allocation models.
We consider two market volatility regimes and two beta risk states and classify securities into groups based on the conditional probability of the security being in the high (low) risk state given that the market is in the high (low) volatility regime. We believe that such information is captured better with high frequency data and therefore use daily data, whereas the previous studies use monthly data 4 . In a sample of returns of the thirty Dow Jones industrial securities and with S&P500 index as a proxy for the market portfolio, we identify three distinct groups of securities: (i) the securities with high probability of being in the low risk state given the market is in the low volatility regime, (ii) the securities with high probability of being in the high risk state given the market is in the high volatility regime, and (iii) other securities. The constant beta estimated in the market model and the Sharpe ratio that are considered as measures of security performance is not associated with any of the three identified groups of securities. Therefore, portfolio managers can benefit from knowing which securities fall into what group because the groups are characterised on how the security risk is associated with the general market conditions.
3 A number of studies have shown that the volatility of security returns varies over time. See for example, Mandelbrot (1963) . The variation in security returns volatility has also been associated with regime shifts. We do not pursue this in this paper. 4 A reason in favour of using monthly data is the likely presence of more noise at high frequencies that can hinder the isolation of cyclical variations and consequently obscure the analysis of the driving moments of switching behaviour (Hess, 2003) . Non-availability of high frequency data is another reason for using monthly data. In this study we investigate the overlap of security risk states with market volatility regimes on the time line, and therefore we prefer high frequency data.
The paper is organised as follows. The switching models are specified in the next section.
In the third section the data is described and the results are analysed in the fourth section. The final section summarises the findings and gives some directions for future work.
Model Specification
The return generating process of the market portfolio is postulated as: 
( ) 
5 Studies have shown that the switching behaviour in market portfolio returns can be primarily attributed to the switching in volatility (Assoe, 1998; Hess, 2003) .
When the model is estimated, the probability of being in any regime which is time variant, would be estimated as and
When there is no switching in market volatility, model (1) reduces to the single regime model given as:
The return generating process of security i is assumed to take the following form:
where is the return of security i in excess of the risk-free return, is an unobserved binary variable that identifies which of the two risk states the security is in at time t, and 
When the model is estimated 6 , the probability of being in any regime which is time variant, would be estimated as and
When there is no switching in the intercept term, model (7) reduces to 6 Usually, to identify the events =1 and =0, restrictions are placed on the parameters of model (7). We do not place any restriction, and instead, we identify different states based on the sign and the magnitude of the estimates. In model (7), the regimes are classified by ). To set up the iteration, the procedure needs an initial
). This value is set equal to the unconditional probability that has two elements given by
is the limiting probability of the Markov process.
The following iterative steps will be carried out.
Step-II: ( ) Step-IV:
Step-IV provides the conditional distributions for the calculation of the likelihood function
where T is the sample size.
Data
We use the daily price series of the thirty securities in the Dow Jones Industrial index. The data covers the period from 2 January 1990 to 23 May 1996, and consists of 1619 observations for each security. The daily returns are calculated as the change in the logarithm of the closing prices of successive days. The return on the Standard and Poor's 500 Index (S&P500) is used to proxy the market portfolio return and the return on the US 1-month Treasury Bill (TB) is used to proxy the risk-free return. Table 1 provides some summary statistics of the thirty securities, the US 1-month TB and the market portfolio returns. The returns vary widely across the securities, with the highest 
Results
First, we estimated 8 model (1) for S&P500 returns. The results are reported in Table 2 . The volatility estimates show that the volatility in the high-volatility regime is slightly less than twice the volatility in the low-volatility regime. The estimates of the transition probabilities are fairly high, indicating that the two regimes are strongly persistent with the low-volatility regime being more persistent 9,10 than the high-volatility regime. See Figure 1 for the plot of the estimated probability of the market being in the high volatility regime. The expected duration in the high and low volatility regimes are 28.3 and 70.4 days respectively, and the unconditional probabilities of being in each regime are 0.2868 and 0.7132.
Thereafter, we estimated model (7) for each security in the sample. The results are reported in Table 3 . We examined the time series plots of the probability that the security is in 8 The parameters of the models are estimated by maximising the conditional log-likelihood function evaluated using Hamilton's (1989) recursive procedure. All models are estimated using GAUSS. As stressed by Goodwin (1993) and Boldin (1996) , we tested the stability of the parameter estimates by using different sets of initial values.
9 van Norden and Schaller (1993) analysed value-weighted monthly US stock market excess returns for the period January 1929 to December 1989 and reported very strong evidence of switching behaviour in models where the returns are drawn from two distributions with different (i) means, (ii) variances and (iii) means and variances. When allowed for switching in variances, they observed both states to be persistent with the low variance state being extremely persistent.
10 Emerging markets also seem to portray such switching behaviour. In a similar analysis, Assoe (1998) observed that in seven out of nine emerging markets the low-volatility regime is more persistent than the high-volatility regime.
the high-risk state, , for evidence of switching behaviour. The results indicate that there is evidence of strong switching behaviour in only two securities namely, Coca Cola and PG. Further, in these two securities the low-risk state is likely to be more persistent compared to that of in the high risk state. As an illustration of strong switching behaviour, a plot of the estimated probability that the security, namely Coca Cola is in the high-risk state is displayed in Figure 2 . When such a graph of a security displays sharp spikes at irregular intervals suggesting that the transition from a particular state to the other occurs for a very short period of time, we categorised that security as one with no strong switching behaviour. contrasting patterns in the probability of being in the high-risk state. We like to point out here that the aim of this study is not to classify securities according to their strength of switching behaviour in the risky states. Our aim is to classify securities according to the overlap in the periods that are marked by shifts in the market volatility regimes and security risk states. We discuss switching behaviour mainly to highlight that the securities clearly display three different patterns of switching in the beta risk.
(
We also estimated the parameters of model (13) where no switching is imposed. See Table   4 for the results. In this case, with MSFT being an exception, the intercept terms in all other twenty-nine securities are not statistically significant.
Finally, we estimated model (12) for each security in the sample. The results are reported in Table 5 . In this slope-switching model, the regimes are classified by 2 i β and ( )
as in model (7). For all securities, the constant beta 11 lies between the betas in the low-and high-risk states. When the probability of staying in the low (high) risk state is dominant, the constant beta is closer to the beta in the low (high) risk state. Examinations of the plots of the 11 Is estimated in the security return generating process given in (13). 
Market volatility regimes and security risk states
Here we investigate the association between market volatility regimes and security risk states.
We examine for each security, the overlap in the time periods where the market is in a volatility regime and the security is in a risky state. To distinguish the high volatility regime (risk state) from the low volatility regime (risk state), initially we set 0.5 as the threshold probability. We then count the number of days the security is in the high and low risk states when the market is in the high and low volatility regimes. Based on these counts we computed four probabilities: (i) the security is in a high risk state and the market is in the high volatility regime, (ii) the security is in a low risk state and the market is in the high volatility regime, (iii) the probability that the security is in a high risk state and the market is in the low volatility regime and (iv) the probability that the security is in a low risk state and the market is in the low volatility regime. These probability estimates obtained with models (1) and (12) are reported in Table 6 . The probabilities are based on 1618 estimates of which 1207 (74.6%) correspond to the days when the market is classified as being in the low volatility regime.
For ease of interpretation, we compute the conditional probabilities that the security is in the high (low) risk state given the market is in the high (low) volatility regime. The conditional probabilities estimated with models (1) and (12) displayed in Figure 5 clearly indicate that the securities may be classified into three groups: (A) very high probability of being in a high risk state given that the market is in a high volatility regime, (B) very high probability of being in a low risk state given that the market is in a low volatility regime and (C) those that do not belong to groups A and B. A security that belongs to group A has the property that there is a substantial overlap in the periods that are marked by the high-risk state of the security and the high volatility regime of the market. On the other hand, a security that belongs to group B has the property that there is a substantial overlap in the periods that are marked by the low-risk state of the security and the low volatility regime of the market. In our analysis we arbitrarily set 0.95 as the benchmark for very high probability. Accordingly in our sample data set, five securities namely, ATT, GM, Exxon, HP and Walmart belong to group A, twenty securities belong to group B and the other five securities namely, Boeing, CITIGRP, Coca Cola, MMM and PG belong to group C. The securities that show strong evidence of switching behaviour based on the probability plots namely, Boeing, Coca Cola and PG belong to group C. The transition probability plots of the other two securities, namely CITIGRP and MMM that belong to group C display frequently changing regimes. Therefore, we do not classify them as portraying regime switching behaviour 12 . The plots of the estimated probability of being in the high risk state of a typical security in Group A and in Group B are shown in Figures 3 and 4 . As evidenced in Figure 5 , the constituent securities in 12 On the other hand, the securities that belong to group C may be divided into two sub-groups: C1, the securities that display strong switching behaviour and C2, the securities that belong to group C but do not display strong switching behaviour. Of course, then there will be four classifications of securities.
the three groups do not change even if the benchmark for very high probability is changed from 0.95 to 0.90.
We repeated the above analysis with estimates obtained in models (1) and (7) as well.
Here we observed ATT, CITIGRP, GM, Exxon, HP and Walmart belonging to group A, Coca Cola and PG belonging to group C and the rest of the twenty-two securities falling into group B. When the analysis is repeated with 0.6, 0.7, 0.8 and 0.9 as the threshold probabilities that distinguish the high volatility regime (risk state) from the low volatility regime (risk state) the observations we made on the results reported in Table 6 and displayed in Figure 3 remain largely unchanged.
In general, we observe a noteworthy association between market volatility regimes and security risk states. The nature of the association enables clear identification of three clusters of securities: (i) those that are highly likely to persist in the high risk state irrespective of the changes in the market volatility, (ii) those that are highly likely to persist in the low risk state irrespective of the changes in the market volatility and (iii) those that are likely to display a positive association between the risk states and market volatility regimes. In all the securities that we sampled, the pattern of switching in the beta risk is highly unlikely to be identical with the pattern of switching in the market volatility. It is also highly unlikely that the security risk states switch completely opposite to that of the market volatility regimes. Alternatively, 
Association of groups with economic performance measures (i) Constant beta
We investigated the constant beta 13 of securities across the three groups for any association between the beta and the groups by testing the null hypothesis of equal mean beta against the 13 The constant beta is estimated in model (13). The results are reported in Table 4 . A beta value greater (smaller) than one indicates the stock is more (less) volatile than the market index by which the beta is measured.
alternative of at least one mean is different. An F-test on H 0 : mean constant beta of group A securities, mean constant beta of group B securities and mean constant beta of group C securities are equal against H A : at least one mean is different from the others, reveals that the null hypothesis of equal means can not be rejected at the 1% level of significance (F-value =0.2709 and p-value= 0.7646). This suggests that there is no difference in the mean constant beta of the three groups identified with models (1) and (12). An F-test of the null hypothesis of equal mean constant beta across the three groups identified with models (1) and (7) against the alternative hypothesis of at least one mean is different from the other means also failed to reject the null hypothesis at the 1% level of significance (F=0.8127 and p-value=0.4542 ). It appears that the constant beta alone might not be able to capture the underlying characteristics of the securities that belong to the different groups.
(ii) Sharpe index Sharpe (1966) suggested that the historical performance of a security might be calculated as the excess return earned for bearing risk per unit of total risk 14 . We conducted an investigation similar to the one carried out earlier with the Sharpe index as well. The results of an F-test on the mean Sharpe ratios of the groups identified with models (1) and (12) (F-value= 1.4825 and p-value= 0.2450) and of the groups identified with models (1) and (7) (F-value= 2.0413 and p-value= 0.1494) reveal that there is no difference in the mean Sharpe ratios across the groups at the 1% level of significance. In the sampled data set there is evidence that the Sharpe index is not associated with the groups of securities identified through Markov switching behavioural characteristics of the security beta and the market volatility.
14 Symbolically, the Sharpe index, , is written as 
Concluding remarks
This paper modelled volatility of the market portfolio return generating process and the slope coefficient of the security return generating process as Markov regime switching processes of order one. A sample of daily returns of thirty securities in the Dow Jones index reveals strong regime-switching behaviour in three securities. In these three securities the low risk state appears to be more persistent than the high-risk state. A sample of daily returns of the S&P500 index that we use as a proxy for the market portfolio reveals strong volatility switching behaviour with low-volatility regime being more persistent than the high-volatility regime.
We then estimated for each security, the probability of being in the low (high) risk state
given that the market is in the low (high) volatility regime. Based on these estimates we propose classification of securities into three groups: (i) the securities with high probability of being in the low risk state given the market is in the low volatility regime, (ii) the securities with high probability of being in the high risk state given the market is in the high volatility regime, and (iii) other securities. These groups are not associated with the constant beta estimated in the market model and the Sharpe ratio. Modelling switching behaviour in the market volatility and the security beta therefore can provide useful information to the investor. Such information can be used in the construction of portfolios.
We do not consider competing models such as switching in the variance of the security return generating process and higher order Markov switching processes. Moreover, in twentynine of the thirty Dow Jones securities, the risk level as measured by the constant beta in the market model exceeds 0.8. Our sample therefore, does not include low beta securities. The range of beta will be wider in a larger sample of securities and more so with securities in emerging markets. Therefore, competing switching models and different markets need to be explored in future studies. . In thirteen securities, at least one of the transition probability estimates is at the boundary (covariance matrices are not positive definite). ). In these cases it is not possible to obtain the estimates of standard errors of the parameters. Therefore, standard errors are not reported. . In twelve securities, at least one of the transition probability estimates is at the boundary (covariance matrices are not positive definite). ). In these cases it is not possible to obtain the estimates of standard errors of the parameters. Therefore, standard errors are not reported. Notes: P(S mt =1) = P(market is in the high volatility regime in day t). The number of observations is 1618. The sample period is January 1990 through May 1996. Notes: P(S it =1) = P(security is in the high risk state in day t). The number of observations is 1618. The sample period is January 1990 through May 1996. Notes: P(S it =1) = P(security is in the high risk state in day t). The number of observations is 1618. The sample period is January 1990 through May 1996. 
